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Visual and tactual examination of unprocessed breast specimens is the standard for intraoperative
surgical margin assessment in the United States. However, this procedure does not provide surgeons or
pathologists with microscopic views of the tissue, which makes it difﬁcult to accurately assess margin
status or the extent of the disease, especially in non-palpable cases. We use a combination of spectral and
polarization macroscopic imaging to optically segment the adipose and collagen tissues thus highlighting
regions suspected of containing epithelium in order to facilitate optical microscopy techniques. A small
study on ﬁve lumpectomy and mastectomy samples showed a sensitivity of 70%  20% and speciﬁcity of
50%  10% for adipose segmentation and a sensitivity of 50%  20% and speciﬁcity of 50%  20% for
collagen segmentation. This sensitivity and speciﬁcity are sufﬁcient for providing morphological infor-
mation to the pathologist in order to guide microscopic examination of regions likely to be of clinical
signiﬁcance.
 2014 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/3.0/).Introduction
In the United States, breast conserving surgery (BCS) is a com-
mon course of treatment for women with non-palpable cancerous
breast lesions. While BCS is less invasive, has a shorter recovery
time, and has less of an emotional impact on the patient, there is a
higher possibility of local recurrence if all the cancer is not removed
or if the margins are close or positive [1]. Silverstein reports that for
initial diagnosis of ductal carcinoma in-situ ﬁfty percent of local
recurrences are invasive carcinoma, which require aggressive
treatment, lymph node sampling, and often mastectomies [2]. This
highlights the importance of intraoperative margin assessment,
which can determine close or positive margins and prevent the
need for re-excisions. Current intraoperative pathology procedures
rely on visual and tactual examination of breadloafed breast spec-
imens and do not offer pathologists a microscopic view of the tissue
structures. At University of Rochester Medical Center (Rochester,CM, reﬂectance confocal mi-
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Ltd. This is an open access article uNY) the standard protocol is for the tissue to arrive fresh (not ﬁxed
or frozen) to pathology, themargins are painted using tattoo inks or
India ink, then the specimen is breadloafed into 5 mm thick slices
and examined visually and tactually for intraoperative margin
assessment. Evaluation of margins in this way without microscopic
examination can be extremely difﬁcult. In some studies, the gross
pathological examination of breast specimens during surgery has
been shown to be accurate only 50% of the time [3]. In addition,
using current methods of pathological examination, re-excision
rates of around 38% have been reported, though they vary from
institution to institution [4].
Some institutions perform intraoperative frozen sections to
allow for microscopic examination, but this method presents
problems such as tissue artifacts and high additional cost. The high
adipose content of breast tissue makes frozen sectioning difﬁcult,
and freezing also introduces nuclear and other tissue artifacts, thus
resulting in slides that are considered inferior to traditionally ﬁxed
parafﬁn embedded “permanent” histologic slides [3].
An ideal situation for both patient and surgeon is one in which
the pathologist could accurately assess the margins and the extent
of the disease during the initial surgery instead of having towait for
the “permanent” slides to be created. With such a method, the
surgeon could be directed to remove more tissue at the time of the
initial surgery if margins were positive or close or, in the case of ander the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/3.0/).
Fig. 1. Basic layout of birefringent imaging system for tissue. Polarized illumination is
oriented oblique to the tissue surface. A polarizing analyzer is used for detection
normal to the tissue surface.
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mastectomy with prior consent of the patient. Optical techniques
such as diffuse reﬂectance spectroscopy [5,6] offer rapid methods
of determining whether or not cancer is present within a couple
millimeters of the surface margins of an intact specimen. However,
such systems are low resolution (w1 mm) and only determine
whether or not cancer is present grossly, they do not provide
pathologist with an exact location of the cancer or a microscopic
view of the cancer. Other optical methods such as reﬂectance
confocal microscopy (RCM) and optical coherence microscopy
(OCM) produce sub-cellular resolution images of unprocessed
breast tissue but take 45 min to scan the surfaces of a breadloafed
30mm specimen [7e11]. Since recent ASCO/CAP recommendations
are that excised breast tissue be ﬁxed in formalin within one hour
[12], intraoperative use of RCM or OCM is impractical.
We present a method of optically segmenting the tissue into its
main components (adipose, collagen, and epithelium) using
intrinsic optical properties of the tissue. Nearly all breast cancers
are derived from epithelial cells; therefore, detailed examination of
adipose tissue or collagen is not necessary for clinical evaluation of
specimens. In addition, adipose tissue and collagen can comprise
as much as 60% and 30% of breast tissue, respectively [13]. There-
fore, by identifying and eliminating regions of adipose tissue and
collagen, rather than scanning the entire specimen the pathologist
can guide microscopic examination to the areas likely to be of
clinical interest. Adipose tissue and collagen both have intrinsic
optical properties that make it possible to detect themwithout the
use of exogenous contrast agents. By contrast, there currently is no
imaging mode that is speciﬁc to epithelium without the use of
exogenous contrast agents. We take advantage of the intrinsic
optical properties of adipose tissue and collagen to optically
segment the tissue. This information is used to generate a mask
that, when overlaid on the macroscopic image of the tissue, can be
used to provide morphological information to the pathologist that
can be used on its own or for guiding intraoperative optical mi-
croscopy techniques. We identify regions of adipose tissue using
color signatures that are unique to adipose in a white light image.
Collagen structures have a unique birefringence signature that can
be identiﬁed using polarization illumination and detection. Optical
segmentation can be achieved from wide ﬁeld of view images
taken with a standard camera in conjunction with image pro-
cessing algorithms. This technique requires less than 2e3 min of
imaging and processing, making it a rapid tool viable for intra-
operative use. In addition, these imaging modalities do not alter
the tissue through the use of any exogenous contrast agents,
meaning the tissue is still available for standard histological
processing.
Adipose tissue in the human breast appears yellow, due to high
levels of vitamin A, while ﬁbroglandular tissue (which contains
collagen and epithelium) appears white or gray-white. When
imaged under white light illumination with a color sensitive (red,
green, blue) detector, adipose has different green (G), blue (B), hue
(H) and saturation (S) signals when compared to non-adipose re-
gions.We exploit the differences in B vs. G as well as S vs. H to create
metrics that determine areas of fat from surrounding tissue.
Collagen segmentation is achieved through polarization imag-
ing. Collagen is constructed of proteins that arrange themselves
into a structure made up of three polypeptide chains. These strands
of collagen then organize themselves into ﬁbrils, which are then
organized into ﬁber bundles [14]. This banded structure of collagen,
combined with the proteins that create it, give collagen form
birefringence and intrinsic birefringence [15]. This unique property
of collagen means that the polarized components of light will
scatter differently from collagen tissue than from adipose tissue or
epithelium.Polarized light has been used to highlight collagen in tissue
sections including use in the heart and in skin [16e18]. The ability
to use polarized light to image skin pathology and to discern
birefringent structures in tissue has been shown by Jacques et al.
[19,20] and Yaroslavsky [21,22]. The tissue surface is illuminated
with linearly-polarized white light and the diffusely scattered light
is detected using an analyzer oriented parallel to the incident po-
larization and perpendicular. As with the white light imaging for
adipose segmentation, the incident light is oblique to the surface
normal, and detection is normal to the tissue surface to eliminate
specular reﬂection. Fig. 1 shows the basic layout. During polariza-
tion imaging, the analyzing polarizer is rotated so that light parallel
(Ipar) and perpendicular (Iper) to the incident polarization are
detected in two different images. Once the images associated with
reﬂected parallel and perpendicular light from the tissue are
detected, the pixel by pixel polarization ratio was calculated using
the standard polarization contrast equation [23]:
POL ¼ Ipar  Iper
Ipar þ Iper : (1)
The value of POL will range from 1 (light converted entirely to
the perpendicular state) to þ1 (all light maintains original
polarization).
Since collagen is birefringent, it will exhibit a different POL
signature than the depolarizing epithelium or adipose tissue.
Purely depolarizing tissue will convert approximately equal
amounts of light into the parallel and perpendicular states, giving a
POL value ofw0, while birefringent structures will be closer to 1.
Pure epithelium is depolarizing; however, depending on the im-
aging resolution, the image may show cancer is a mixture of
epithelial cells and an extracellular collagen network. Therefore,
cancerous tissue may not present as depolarizing; it may present
with a unique birefringent signature that can be used for seg-
mentation. Furthermore, the reactionary or desmoplastic stroma
that often surrounds cancer is strongly birefringent and can high-
light cancerous regions in the tissue.
Color and polarization sensitive imaging can be combined to
optically segment the tissue into regions of adipose tissue, ﬁbrous
tissue containing collagen, and regions suspected to be epithelium.
In this study, our aim was to validate these methods of optically
segmenting unprocessed breast tissue into its major components
(adipose tissue and collagen). This information was presented to
the pathologist in the form of masks overlaid on the image of the
tissue, which were used to guide pathologists to regions of interest.
We used a modiﬁed camera to take white light and polarization
sensitive images of lumpectomy and mastectomy tissue samples
and compared the resulting optical segmentation masks to the
composition of the tissue based on reﬂectance confocal microscopy
(RCM) mosaics and the resulting histology slides. The
R.A. Wilson et al. / The Breast 23 (2014) 413e422 415corresponding H&E slides derived from the tissue imaged were
used as the gold standard to determine the sensitivity and speci-
ﬁcity of optical segmentation.
Materials and methods
Patient samples
Under an IRB approved protocol at the University of Rochester
Medical Center (URMC, Rochester, NY), ﬁve tissue samples from
lumpectomy or mastectomy surgeries were obtained. One sample
was used to train/calibrate the color-based adipose algorithm and
the polarization-based collagen segmentation. Four samples were
imaged both with the polarization-sensitive color macro camera
and a laser-scanning reﬂectance confocal microscope. These images
were compared to microscopic images obtained from H&E slides of
the tissue.
Specimens from lumpectomy or mastectomy surgeries were
transported from the operating room immediately after removal
from the patient and received in pathology fresh (not ﬁxed or
frozen), the margins were painted using tattoo inks or India ink,
then the specimens were breadloafed into 5 mm thick slices and
examined visually and tactually for standard diagnostic intra-
operative margin assessment. After standard pathologic evaluation,
small samples (no larger than 8 mm  8 mm) from the specimens
were taken. The sample was taken from the lesion of clinical in-
terest such that one edge of the tissue included a painted margin.
This made it easier to co-register the macro image, confocal image,
and resulting permanent histology slide. If a painted margin were
not available within 8 mm of the cancer, then the sample was cut
and one edge painted with tattoo ink. This was recorded as a false
margin in the patient record so that it would not affect the routine
evaluation of the specimen. The sample was placed in a tissue
carrier with a small amount of saline to provide index matching forFig. 2. (a) Pictures of the macro camera used in tissue experiments. (b) Side view schematic
different possible orientations.confocal imaging. The carrier was a small metal plate with a 15 mm
diameter circle cut in the middle. A glass window was placed on
one side of the specimen, and an adhesive plastic ﬂexible window
was placed on the opposite side to stabilize the tissue and provide
some compression to keep the surface of the tissue in contact with
the glass. The tissue in the carrier was ﬁrst imaged using the macro
camera to provide images for optical segmentation and then the
sample was imaged using a laser-scanning reﬂectance confocal
microscope using the segmentation masks.
Imaging
We used two systems to image the fresh tissue: a white light
macroscopic camera capable of performing optical tissue segmen-
tation based on color and birefringence signatures and a laser-
scanning reﬂectance confocal microscope operating at 830 nm.
The white light macro camera was a VivaCam (Lucid Inc.,
Rochester, NY) that was modiﬁed to enable polarization sensitive
imaging. The macro camera used a 1024  1024 pixel CMOS de-
tector with 10 mm effective pixel size at the tissue. The camera
operated in a 10-bit mode, which is sensitive enough to detect the
small polarization signature variations across the tissue surface.
The macro camera illumination consisted of a ring of 16 white-
light LEDs covered with an annular ring polarizer cut from a
linear polarizer sheet. The imaging optics were in the center of the
barrel, so a separate polarizer was cut in the shape of a circle and
mounted in front of the imaging optics for the analyzer. The
annular polarizer and circular analyzer rotated individually to
enable four polarizer/analyzer orientations that were used to
compute two separate POL images. A taupe ceramic tile was used
imaged prior to each use to calibrate the macro camera color
response. Fig. 2(a) shows pictures of the modiﬁed macro imager,
while (b) and (c) show schematics of the macro imaging system
layout from the side and end views.of illumination and detection paths. (c) End view schematic of polarizers with the four
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(Lucid Inc., Rochester, NY), which was purchased by the University
of Rochester Comprehensive Breast Care Center. The confocal mi-
croscope generates individual images at 0.5  0.5 mm ﬁeld of view,
but can create composite images up to 8  8 mm ﬁeld of view by
automatically scanning and combining images.Imaging software
The macro imaging camera and confocal microscope were
controlled by the same software, which used the image from the
macro camera to guide the microscope to a particular area ofFig. 3. (a) Picture of a breast lumpectomy sample under white light illumination. (b) Blue vs.
blue and hue/saturation signals occupy different regions of space depending on the tissueinterest in order to compare confocal mosaic images with the
macro image. The limited ﬁeld of view of the macro camera did not
make it suitable for segmentation of larger tissue specimens, such
as whole breadloafed lumpectomy specimens, but it was suitable
for segmenting small samples of lumpectomy and mastectomy
specimens for proof of concept.Segmentation training
One breast tissue sample from amastectomy specimenwas used
to develop a training set for the color-based adipose and
polarization-based collagen segmentation algorithms. RegionsGreen and Saturation vs. Hue data for fat (blue) and non-fat (red). Notice that the green/
type.
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or non-adipose by appearance and morphology. For each pixel in
the adipose and non-adipose regions the blue, green, saturation
and hue values were plotted in blue vs. green space (B vs. G space)
and saturation vs. hue space (S vs. H space). These sets of data points
were used to create ellipses in B vs. G space and S vs. H space that
could preferentially select adipose tissue. The general equation of
an ellipse centered at (x0, y0), with semi-major axis ra tilted at angle
q with respect to the y-axis, and semi-minor axis rb is given by
½ðx x0Þcos qþðy y0Þsin q2
r2a




Optical segmentation of adipose regions uses the bounds of this
ellipse to create an adiposemask. Pixels whose blue/green values or
hue/saturation values fall within the ellipses are given a value of
zero in an adipose mask image and identiﬁed as adipose tissue,
while points outside of the bounds of this ellipse are given a value
of 1 in an adipose mask image and identiﬁed as non-adipose. The
ellipse derived from the training set was used for all the other
specimens in the study.
Since the gain on each color channel of the camera was not
stable and would change from one imaging session to the next, the
green/blue and hue/saturation values for adipose tissue could be
different for different imaging sessions. In order to calibrate for this,
we imaged a color standard (a taupe colored tile) before eachFig. 4. Overall B vs. G (top) and S vs. H (bottom) data for breast tissue calibration set. The bl
adipose tissue. The black ellipses represent the boundaries used by the algorithm for the dimaging session. This served as a record of the color gain signatures
for each channel for each of the imaging sessions, allowing for
calibration of the color balance for each data set.
The same mastectomy tissue sample was used to calibrate the
birefringent segmentation algorithm for collagen identiﬁcation.
Noting that fully birefringent structures can approach POL values of
eitherþ1 or1, we chose to square the POL signature formingwhat
we call the POL2 signature, which consolidated the POL signature as
a single-valued function and enhanced the birefringent signature.
The segmentation of the collagen regions were based on the value
of the POL2 signature relative to the bounds of the training case.Optical segmentation and microscopic imaging of patient samples
After using a sample from one mastectomy specimen for seg-
mentation training, samples from three lumpectomy specimens
and one mastectomy specimen were imaged using the segmenta-
tion algorithms derived from segmentation training. The resultant
masks derived by the optical segmentation of adipose tissue and
collagen were compared to the confocal images and the corre-
sponding permanent histologic slides.
Frequently, the pathologist cut the sample larger than the ﬁeld
of view of the camera, making it difﬁcult to co-register the images.
To accommodate this, we took multiple sets of macro images that
were later stitched together. Following macro imaging, the tissue
sample was placed on the stage for reﬂectance confocal imaging. A
mosaic of confocal images provided immediate information aboutue data points are regions identiﬁed as adipose tissue, while the red is regions of non-
eﬁnition of adipose tissue.
Fig. 5. White light image and resulting POL2 image of a portion of the case presented in Fig. 6. Thick bands of dense collagen in the middle show stronger POL2 signature than the
diffuse collagen present in the cancerous region (on the left side) and the even darker fat region (on the right). The ring around the image is an artifact from the camera that was not
included in the mask.
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Following imaging, the tissue was submitted for standard histo-
logical processing and the resulting H&E slides were compared to
the optically segmented images.
Sensitivity and speciﬁcity of optical segmentation masks for patient
samples
Sensitivity and speciﬁcity values used the histology slides as the
“gold standard” when comparing optical segmentation masks to
the microscopic images. For optical segmentation, we created
“truth images” for each sample that mapped regions of true posi-
tives, true negatives, false positives, and false negatives.
Results
Patient samples
Samples from three lumpectomy and two mastectomy speci-
mens were imaged for optical segmentation and confocal imaging.
Four cases were diagnosed as inﬁltrating ductal carcinoma, and one
was DCIS. The average age of the patients was 62 years old. OneFig. 6. White light image, confocal mosaic, and histomastectomy sample was used for segmentation training, while one
mastectomy and three lumpectomies were used to test the seg-
mentation algorithm.
Segmentation training: adipose tissue
Theﬁrstmastectomycasewas used as a training case to reﬁne the
algorithm used for the color-based adipose segmentation. Fig. 3(a)
displays a red, green, blue color imageof a lumpectomysample taken
under oblique tungsten white light illumination demonstrating the
yellow appearance of adipose tissue. Fig. 3(b) demonstrates the Blue
(B) vs. Green (G) and Saturation (S) vs. Hue (H) data for manually
selected regions of adipose tissue (red dots) and non-adipose tissue
(blue dots). Blue and green images were extracted from the color
images directly and saturation and hue calculated from the color
images usingMatlab (Mathworks, Natick,MA). Thisﬁgure illustrates
that adipose tissue and non-adipose tissue demonstrate different
optical properties under white light illumination.
The values for the center, semi-major and semi-minor axes and
anglewere determined from the calibration data and used to deﬁne
the ellipses presented in Fig. 4. The top row of plots in Fig. 4
represent the B vs. G data for adipose (blue) and non-adiposelogy slide of a lumpectomy of a palpable mass.
Fig. 7. Comparing the optical segmentation of the training case to the confocal mosaic. This tissue was judged to be inﬁltrating ductal carcinoma based on review of the H&E slides
prepared from the tissue. The bottom row presents the optical segmentation masks and compares them to the composition based on the confocal images. On the left, black regions
are areas identiﬁed as fat by optical segmentation while blue regions are areas of fat based on the confocal image. The middle and right have confocal collagen regions in red with
the strong (middle) and weak (right) optically segmented points in black.
R.A. Wilson et al. / The Breast 23 (2014) 413e422 419(red), while the bottom row present the S vs. H data. The ellipses
drawn are the boundaries of the adipose segmentation mask,
points inside these ellipses would be identiﬁed as adipose tissue
while points outside would be identiﬁed as non-adipose.
Segmentation training: collagen
The same case used for training the color base adipose seg-
mentation was used to train the algorithm used for the polariza-
tion-based collagen segmentation. Fig. 5 displays the white light
image and the resulting POL2 image of a portion of the training case.
Note that there is very little POL2 signature in the fat region (in the
right portion of the image) compared to the left side. The left and
central regions display two different POL2 signatures, a bright
signature in the band of highly-ordered dense collagen in thecenter and a weaker signature in the diffuse collagen in the
cancerous region on the left. This resulted in two birefringent
masks, one for the weaker POL2 signature of diffuse collagen
(0.023 < POL2 < 0.031) and one for the stronger POL2 signature of
highly ordered, dense collagen (POL2 > 0.031). As an example case,
Fig. 6 presents a sample of tissue from a lumpectomy of a palpable
mass. This case was used as the training case for future segmen-
tation trials, since it presented three clear regions: cancer, collagen,
and healthy adipose tissue.
Segmentation training: merged adipose and collagen masks for
training case
The white light image, confocal mosaic, and resulting optical
segmentation masks are presented in Fig. 7 for the training case.
Fig. 8. Comparison of optical segmentation and histological slide for the training case. The blue asterisk marks the region identiﬁed as cancer based on the morphology of the
optical segmentation mask. A corresponding blue asterisk is placed on the H&E slide in the approximate location.
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carcinoma. The bottom row in Fig. 7 presents three masks resulting
from optical segmentation and compares them to the tissue
composition based on the confocal mosaic. In the far left, black
represents regions identiﬁed as adipose by the optical segmenta-
tion algorithm, while the blue overlay is regions identiﬁed as adi-
pose based on the confocal mosaic. The middle and right masks
have optically segmented collage in black with a red overlay rep-
resenting the collagen regions as detected by confocal imaging. The
middle mask is the mask resulting from the weaker POL2 signature
(more diffuse collagen) while the right represents the stronger POL2signature (more organized, dense collagen). This agrees well with
the confocal mask, where the dense collagen is indicated by the
pink region. While the histology slides were used to determine the
sensitivity and speciﬁcity for the masks, the confocal microscope
allowed for an immediate survey of the tissue composition. Since
the shape and geometry of the tissue slice can change slightly
during ﬁxation and histological processing, the confocal allowed for
microscopic imaging of the specimens prior to any changes. The
images in Fig. 7 are representative of the agreement between the
confocal and optical segmentation masks, demonstrating good
agreement in locating both adipose tissue and collagen.
R.A. Wilson et al. / The Breast 23 (2014) 413e422 421Sensitivity and speciﬁcity of segmentation masks for patient samples
Comparison of the optically segmented images with histologic
slides determined the sensitivity and speciﬁcity of the segmenta-
tionmasks. Fig. 8 presents the resulting H&E stained histologic slide
next to the optically segmented white light image. The blue rep-
resents regions of fat, red indicates diffuse collagen, and yellow
indicates dense collagen. The histology slide was manually
segmented to create masks identifying regions of fat and collagen
in order to directly compare the optical segmentation masks to the
gold standard. The “truth images” presented at the bottom of Fig. 8
displays the true/false positives and true/false negatives using four
different colors. For the purposes of these comparisons, the “dense”
and “diffuse” collagen masks resulting from optical segmentation
were combined into one mask. The resulting sensitivity and spec-
iﬁcity were 84% and 58% for fat, and 44% and 67% for collagen.
Table 1 presents the data from the ﬁve samples along with the
averages.
This process was repeated for a total of ﬁve specimens. The
average sensitivity for macroscopic optical segmentation was
70%  20% for fat, and 50%  20% for collagen. The average
speciﬁcity for macroscopic optical segmentation was 50%  10%
for fat and 50%  20% for collagen. The goal of this work is to
demonstrate that it is possible to guide the pathologist in the
evaluation of lumpectomy specimens by displaying morphological
features that are not visible macroscopically. Therefore, a high
sensitivity and speciﬁcity are not necessary. The segmentation
needed to be sufﬁciently accurate to highlight regions for imaging
with the reﬂectance confocal microscope to conﬁrm the presence
of cancer or to assist the clinician in identifying regions likely to
contain cancer. Using morphological markers from the macro
imaging system such as the presence of dense collagen sur-
rounding diffuse collagen or regions of diffuse collagen with holes
in the mask, we were able to correctly identify regions of cancer
w70% of the time for the ﬁve cases studied. This demonstrates the
potential for optical segmentation to augment current margin
assessment techniques.
Discussion
This study of ﬁve lumpectomy and mastectomy tissue samples
demonstrates the ability to use intrinsic optical properties of adi-
pose tissue and collagen to optically segment unprocessed breast
tissue and highlight areas of different tissue composition. The
sensitivity/speciﬁcity of 70%/50% for adipose tissue and 50%/50% for
collagen, while only slightly better than gross examination, are highTable 1
Table presenting the sensitivity and speciﬁcity data for each of the ﬁve optical
segmentation samples.
Specimen Age Diagnosis Fat Collagen














31% 60% 13% 81%




76% 41% 77% 32%
Average 62 e 70%  20% 50%  10% 50%  20% 50%  20%enough to provide useful morphological information to a pathol-
ogist during intraoperative margin assessment.
We note that in standard practice patients undergoing breast
conserving surgery have usually undergone diagnostic core needle
biopsy prior to surgery. The prior diagnosis obtained, combined
with the clinical history, provides the pathologist with signiﬁcant
information about what is likely to be seen in the lumpectomy
specimen prior to gross examination of the specimen. What are
presently lacking are intraoperative assessment tools that could
highlight areas of the tissue suspicious or likely to be cancer and
that will work within standard grossing practices. More speciﬁcally,
by identifying the morphologic components of the breadloafed
specimens, the pathologist can apply knowledge of normal and
abnormal tissue structures and patterns to make an informed de-
cision on which areas of the specimen are likely to contain cancer
and may require further intraoperative microscopic examination.
Regions that are not adipose tissue and have many “holes” in the
birefringent segmentation are likely to be areas of epithelium and
therefore may contain cancer. Regions with optical signatures of
desmoplastic stromamay also contain cancer. In both instances, the
presence of cancer could be conﬁrmed or refuted with optical mi-
croscopy techniques such as confocal microscopy or optical
coherence tomography.
Making these distinctions could aid the pathologist in the
intraoperative evaluation of breast specimen margins. The low
cost of our system and the potential for future development of
automated scanning and image processing could make this
method feasible for large academic as well as smaller community-
based surgical pathology practices. This would allow pathologists
to inform surgeons which margins are likely to be positive. The
surgeon, in turn, could immediately excise additional breast tissue
during the ﬁrst operation, thus reducing the need and cost related
to re-excision in a separate operation.
Future studies using a macro imager speciﬁcally designed for
optical segmentation are needed. In addition, future trials with
more specimens will be needed to study different histologic types
of breast cancer using the optical segmentationmasks and to reﬁne
and test the algorithm’s ability to correctly identify cancerous re-
gions in patients with an array of differing diagnoses and clinical
settings.
Conclusions
This study demonstrates the ability to use white light and
polarization images of unprocessed breast tissue combined with
image processing algorithms to optically identify adipose tissue
and collagen using intrinsic optical properties of the tissue. This
information can then be used to locate areas within a specimen
that are likely to harbor benign and cancerous epithelium,
thereby highlighting the morphology of the tissue. When pre-
sented with this information, the pathologist can assess which
regions of a breadloafed breast specimen may potentially
contain cancer and may warrant microscopic examination using
optical microscopy techniques such as reﬂectance confocal mi-
croscopy or optical coherence microscopy. With further reﬁne-
ment and testing such information offers the potential to guide
pathologists in the evaluation of unprocessed breast lumpec-
tomy specimens, aiding in the determination of margin status
and potentially reducing the need and cost related to re-
excision.
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